Introduction Identification of predictive factors for walking ability with a prosthesis, after lower limb amputation, is very important in order to define patient's potentials and realistic rehabilitation goals, however challenging they are. Objective The objective of this study was to investigate whether variables determined at the beginning of rehabilitation process are able to predict walking ability at the end of the treatment using support vector machines (SVMs). Methods This research was designed as a retrospective clinical case series. The outcome was defined as three-leveled ambulation ability. SVMs were used for predicting model forming. Results The study included 263 patients, average age 60.82 ± 9.27 years. In creating SVM models, eleven variables were included: age, gender, cause of amputation, amputation level, period from amputation to prosthetic rehabilitation, Functional Comorbidity Index (FCI), presence of diabetes, presence of a partner, restriction concerning hip or knee extension, residual limb hip extensor strength, and mobility at admission. Six SVM models were created with four, five, six, eight, 10, and 11 variables, respectively. Genetic algorithm was used as an optimization procedure in order to select the best variables for predicting the level of walking ability. The accuracy of these models ranged from 72.5% to 82.5%. Conclusion By using SVM model with four variables (age, FCI, level of amputation, and mobility at admission) we are able to predict the level of ambulation with a prosthesis in lower limb amputees with high accuracy.
INTRODUCTION
Lower limb amputation represents one of the classical rehabilitation problems amenable to intervention by a physiatrist. Because of the aging of the population and the increased incidence of diabetes, the number of amputations is expected to increase in the future [1] .
One of the crucial moments in the period after lower limb amputation is the decision whether the patient will be a proper candidate for a prosthesis. This decision is not always easy, and factors that could predict rehabilitation outcome in these patients are only partially understood [2] . The physiatrist, the therapist and especially the health insurance are all interested in the costs of prosthetics and rehabilitation treatment on the one hand, while, on the other hand, patients and their families are interested in the highest possible functional outcome after major limb amputation. In Serbia, after lower limb amputation, patients are examined by a physiatrist, who is responsible for prescribing a prosthesis. This examination often takes place several months after the amputation due to medical or administrative reasons. The number of patients that will be able to walk with a prosthesis after lower limb amputation vary among authors in the range of 50-90% [3, 4, 5] .
Many factors potentially influence walking ability with a prosthesis. Patients with dysvascular amputations often have diabetes mellitus, and both conditions are associated with the reduction of physical and cognitive capacities. These reductions can affect the prosthetic use [6] . The influence of comorbidities on functional outcome in patients with lower limb amputation is questionable. There is often a lack of clear connection between comorbidities and walking ability [7] [8] [9] [10] [11] . Lower limb amputation constitutes more than 95% of all amputation, while the most common level is transtibial [12, 13] . It is generally accepted that the functioning of these patients is worse in higher amputation level and in older age [6, 8] . Information on influence of gender on functionality, on the other hand, is relatively scarce [14] . It is generally accepted that men are more often affected by lower limb amputation [15] . Whether gender has any influence on functional outcome in these patients remains an open question. While some researchers have found lower functionality in women, others did not find significant difference [9, 14] . Residual limb hip extensor muscle strength was shown to be a strong predictor of the walking distance of these patients [7] , while the presence of residual limb contracture was negatively linked to prosthetic ambulation in the literature [7, 9] . We must not underestimate the influence of social support on the functional outcome of lower limb amputees [8] . Patients with good social support appear to show greater mobility after amputation [16] .
Identification of predictive factors for walking ability in these patients is very important in order to define a patient's potential and realistic rehabilitation goals. Most of the articles used linear or logistic regression models, which were formed and analyzed on one sample of patients, i.e. regression models were not tested on unknown patients [6, 7, 8, 10, 14] . On the other hand, some more advanced regression models could be useful in the analysis of this kind of data which are very "noisy", uncertain or incomplete.
In the last few decades, the applications of machine learning and optimization methods in the procedures of medical diagnoses and prognosis have become very common because of their efficiency in cases where only small amount of data are available or they are incomplete or noisy.
In this paper, we used a relatively new method of machine learning for making the mathematical model for predicting the level of walking ability with a prosthesis after lower limb amputation. We have proposed a prediction model based on support vector machines (SVMs) [17] , where a set of input variables was optimized using global optimization algorithm named genetic algorithm (GA) [18] . SVM is a soft computing method which refers to learning from experimental data and human knowledge by transferring them into analytical models. SVM is a learning method, which overlaps with statistics in many ways, but it's not a statistical method. SVM acts as one of the best approaches of data modeling, based on the principle of structural risk minimization, avoiding local minima and handling large amounts of data very well. In recent years, SVM has found application in many wide medical applications including digital imaging [19] , medical signal processing [20] , and various prediction problems [21, 22] .
OBjECTIvE
The objective of this study was to investigate whether variables determined at the beginning of rehabilitation process are able to predict the ability of lower limb amputees to walk with a prosthesis after treatment using SVM models.
METHODS
This study was designed as a retrospective clinical case series. It encompassed patients with lower limb amputation who underwent prosthetic rehabilitation treatment at the Medical Rehabilitation Clinic of the Clinical Centre of Vojvodina in the city of Novi Sad, in the period from 2000 to 2009. We searched the archive in the given period with the key diagnosis of "amputation." All medical records found underwent a thorough review. Inclusion criteria were as follows: unilateral transtibial or transfemoral amputation, patients who received their first prosthesis. We excluded patients who did not get prosthesis, patients who underwent prosthetic fitting and gait training earlier, patients who underwent prosthetic fitting and gait training in outpatient manner, patients with bilateral amputation (toe amputation excluded), patients who due to the complications could not finish prosthetic fitting and gait training, and patients with incomplete medical documentation.
We collected data about the level of amputation (transfemoral/transtibial), age, gender, the period from amputation to prosthetic rehabilitation, the cause of amputation (dysvascular, trauma, other), the number of comorbid conditions was assessed by Functional Comorbidity Index (FCI) [23] . Two physicians scored the presence of 18 comorbidities independently, while in case of a disagreement, each diagnosis was achieved through consensus. We noted the presence of phantom pain, the presence of hip or knee extension restriction in residual limb which was defined as a hip extension less than 0° or a knee extension less than -10° measured with classical goniometer. Residual limb hip extensors strength was graded according to manual muscle testing. Furthermore, we identified whether patients had a partner or not. We also recorded the mobility level of these patients at admission and grouped our findings into three different levels: the first consisted of those patients who were ambulatory with crutches or a walker even outdoors; the second consisted of the patients who were able to walk with crutches or a walker only indoors and needed a wheelchair for outdoors mobility, and the third were the patients who were not able to ambulate with crutches or a walker and needed a wheelchair all the time.
At the end of the rehabilitation treatment, the patients were divided into three functional levels: the patients who were unable to walk independently with a prosthesis, the patients who were able to walk independently with a prosthesis only indoors, and finally, the patients who were able to walk with a prosthesis outdoors.
The data were summarized descriptively with frequency and percentage tables, Student's t-test was used to compare age, FCI, and the time from amputation until prosthetic rehabilitation, while χ 2 test was used for comparisons of functional outcome categories and the level of amputation for females and males. P ≤ 0.05 was considered statistically significant.
SVMs were used for creating mathematical models for predicting the level of walking ability with a prosthesis.
SVM learning algorithm (classifier) attempts to learn the input-output relation by using a training data set X = {[x i , y i ]},i = 1, ..., m, where the inputs x are n-dimensional vectors and the labels y are discrete. There are two phases when applying supervised learning algorithms for problem-solving. The first phase is the so-called learning phase where the learning algorithms design a mathematical model of a dependency, classifiers (in a classification i.e., pattern recognition) based on the training data given. The second phase is the test and/or application phase. In this phase, the models developed by the learning algorithms are used to predict the outputs y of the data which are unseen by the learning algorithms in the learning phase. Before an actual application, the test phase is always carried out for checking the accuracy of the models developed in the first phase.
GA represents a robust optimization method based on elementary mechanisms of evolution. GA imitates processes of nature selection and reproduction in order to solve a certain optimization problem. The first point of such mathematical evolution is the population of n individuals where every individual represents a potential solution. Every individual has its measure of adjustment, i.e. in mathematical sense, the value of optimization criteria. Using operators like selection, crossover and mutation GA attempt, through iterations (generations of population), we achieved the best value of optimization criteria function.
RESULTS
We identified 373 patients with 'amputation' as the primary diagnosis, 110 of which were excluded from this study for the following reasons: 30 patients were bilateral lower limb amputees, 32 patients underwent a prosthetic fitting and training earlier, 27 patients did not receive a prosthesis, nine patients were excluded due to an incomplete medical documentation (there were no data about the rehabilitation outcome), 10 patients were excluded due to complications which prevented further rehabilitation, and two were excluded because the amputation diagnosis referred to upper extremities. A total of 263 patients were included in the study. The characteristics of these patients are given in Table 1 .
There were no significant differences between men and women in terms of the average age (60.56 vs. 62.09; t = -1.01; p = 0.313), FCI scores (2.16 vs. 2.33; t = -0.149; p = 0.881), and the period from the amputation to prosthetic rehabilitation (185.57 vs. 189.36; t = -1.048; p = 0.295). Although women suffered from transfemoral Table 2) . As expected, the walking ability of the patients with transtibial level of amputation with a prosthesis was much better than in the case of the patients with transfemoral level (χ 2 = 14.047; p = 0.001) ( Table 3 ). In order to create optimal SVM model for predicting the level of walking ability after lower limb amputation, we optimized a set of input variables using GA. Every individual of GA population represents a "bit mask" which determines which variable will be used in the SVM model. Optimization criteria was the accuracy of classification on set test data. In order to compare the influence of different variables and a different number of variables with the accuracy of prediction models, we created several SVM models (Table 4) . Interestingly, our first model with four variables was the most accurate one. That model included age, amputation level, FCI, and mobility at admission to the Clinic, and successfully predicted 33 of 40 functional outcome levels (Table 5) . Gender, FCI, and residual limb contracture were the most frequent variables in our models, while the period from amputation to prosthetic fitting and training was present in only one model (the one which included all variables).
Our model failed to predict the functional level for a patient who was unable to walk with a prosthesis, while the accuracy for those able to walk with a prosthesis indoors and outdoors was 69.2% and 88.9%, respectively.
DISCUSSION
The prediction of walking ability after lower limb amputation is crucial in the rehabilitation process of these patients. It represents the base for the prosthesis prescription. The purpose of this study was to explore the possibilities of functional level prediction in these patients. Although it is clear that walking ability with a prosthesis depends on more than one factor, the predominant predictors are still vague.
In our analysis, we recognized two groups of significant variables. The first group consisted of those variables that were used in the SVM model which was the most accurate (with four variables), and the second consisted of variables that were selected for the majority of the models. We assumed that these variables were the most important for our prediction and we took a closer look at them.
During the 10-year period of our research, the majority of patients with lower limb amputation were men. This was similar to other researches [24, 25] . In the literature, however, data about gender influence on prosthetic rehabilitation outcome is scarce [14] . Lefebvre and Chevan [26] found transfemoral level of amputation more often in women, which could explain lower functional levels in female patients. In our study, women suffered from transfemoral level of amputation more often, although this difference did not reach any significance. On the other hand, men had a significantly higher walking ability with a prosthesis. It is well known that women reach lower walking speed and lower step length in comparison to men [27, 28, 29] ; therefore, we can presume that the difference in gender will be more profound after lower limb amputation. Our models included gender in five of six models, which indicates that gender could be considered as a predictor for ambulation with a prosthesis.
People who lived with their partners showed increased social support, which could improve the outcome after lower limb amputation [16] . The presence of a partner was an important variable in our study as well. It was present in four SVM models.
Age was an important predictor for walking ability after lower limb amputation in our study, since it was selected in the first model with the highest accuracy. This is consistent with other researchers [7, 30] .
We found that transfemoral level of amputation was the most common level in our study, which was inconsistent with other researchers, who argued that the transtibial level of amputation was the most frequent one [24, 31] . The reason for this distinction probably lies in the fact that patients reach vascular surgeons too late in our country; in other words, their primary disease reaches the advanced stage and the level of amputation has to be higher. It is of a great importance to preserve knee joint, if possible, keeping in mind functional outcome of these patients [32] . Our study agrees with these findings, highlighting that the level of amputation was an important factor in the prediction, given it was part of the most accurate model.
Walking with a prosthesis requires higher energy consumption than walking with both intact lower extremities [33] . Comorbidities such as peripheral artery disease, myocardial infarcts, angina pectoris, heart failure or diabetes reduce cardiovascular capacity in these patients, and also the walking ability with a prosthesis. In our study, each of the six models included FCI, which was interpreted as having a great significance for this variable, although we were not sure whether it was independent of the other variables or not. It would be possible that FCI emerging among other variables consisted of unbalanced data if it was collected with the lowest degree of error. However, De Laat et al. [34] in their study found that FCI was connected to the independence of lower limb amputees in climbing stairs. FCI was not used too often in the literature, probably because it is a relatively new index. Its orientation to function is crucial, and we are expecting a larger number of studies using this index in the future.
Some authors argue that the presence of contractures could be a negative prognostic factor for successful prosthetic ambulation [9] . Our findings were similar, and the presence of the residual limb restriction of hip or knee extension was included in five of six models. Raya et al. [7] found that residual limb hip extensors strength is a very important predictor of walking with a prosthesis, which is in line with our findings.
The functional mobility after lower limb amputation is an important predictor of rehabilitation outcomes [6] . We divided mobility at admission in three groups according to the patients' ability to use crutches. This variable was included in four of six models, including the most accurate one.
Our models predicted walking ability after prosthetic rehabilitation with high accuracy. It should be emphasized that these results were achieved on samples unknown to our models. Every model was tested on an unknown data set -in other words, we randomly chose 40 patients whose data was excluded from the training set when the models were formed. Then we tested given SVM models on 40 previously unseen patients' data. As far as we know, this was the first study where SVMs were used in order to predict functional outcome after lower limb amputation.
In addition, quality of data could be analyzed in a mathematically more formal way. This means that the best prediction results were obtained with only four input arguments (82.5%), while the accuracy of prediction decreases with more arguments in input vector (Table 4 ). In our case, a relatively small number of input arguments (maximum 11) could not lead to curse of dimensionality problem, i.e. the model complexity. We assume that the quality of the collected data directly leads to unbalanced data sets, which presents a challenge when training a classifier and SVMs. Therefore, we propose GA optimization approach to select features (input parameters), which gets the highest classification accuracy.
Despite meeting our goals, this study had limitations which are characteristic of a retrospective analysis. The quality of data relied on the reliability of medical documentation. Therefore, certain limitations in our study warrant further consideration. Firstly, manual muscle testing and measurement of joint range of motion was performed by many therapists (more than 10), which could put the reliability of these measurements in question. Secondly, similarly to all retrospective studies, we also had a problem with the missing data and we did not include the factors such as phantom pain in further analysis due to the fact that a substantial number of patients' histories were missing this information. Similarly, we could not identify enough data about cognitive and social factors which could be important predictors of the functional outcome in these patients. Despite all aforementioned facts, our models predict functional outcome with high accuracy.
CONCLUSION
By using an SVM model with four variables (age, FCI, level of amputation, and mobility at admission) we can predict the level of ambulation with a prosthesis in lower limb amputees with high accuracy.
For future researches we suggest using new variables, such as cognitive, social variables, and phantom pain in order to estimate walking ability with a prosthesis more precisely.
